Introduction
Optical Coherence Tomography (OCT) is a relatively new imaging method that uses light out of the near infrared part of the spectrum. OCT yields three dimensional tomographic images with a resolution of a few micrometers from biological tissue. Nowadays OCT is a standard approach to perform eye related measurements, while other applications such as cancer detection are still in a developmental stage. To improve the diagnostic capabilities of OCT several extensions have been proposed including polarization, phase and spectrally resolved OCT. In Spectroscopic Optical Coherence Tomography (SOCT) the spectral information that is inherent in OCT signals is extracted and quantified via post processing methods [1] . Thus SOCT is sensitive to both chromophores and structural changes of the tissue, which alter the incident light spectrum. Because tumors are often associated with enlargement of cell nuclei and disturbed metabolism, which leads to abnormal oxygenation of hemoglobin [2] [3], SOCT is a promising tool to detect cancer at an early stage.
Methods
To obtain spectroscopic data, time-frequency distributions are applied to the raw OCT data. The most commonly used method is the Short Time Fourier Transform (STFT). The data set, here the A-scan or depth profile is separated into several parts. Each part, called window, is Fourier transformed and thus depth resolved spectra can be calculated. To display qualitative spectroscopic and structural information in one image, the information of the spectra has to be translated to a color map. This is usually done by simple methods like e.g. the center of mass calculation [1] , the autocorrelation method [4] and the RGB approach [5] . For the center of mass method the center of mass of each spectrum is calculated and used as a metric for the color map. The autocorrelation method uses the width of the autocorrelation from each spectrum as a metric, while in the RGB method the spectrum is separated into 3 channels. The integrated value from each channel is used as an input for the RGB color model. These simple approaches are easy to implement and have low computational needs, but may lead to some misinterpretation of the spectroscopic analysis e.g. when a strongly modulated spectrum produces a huge shift of the center of mass. A more sophisticated approach is the use of pattern recognition techniques to distinguish between different areas in a structural image based on spectral features [6] [7] .
Our SOCT algorithm works as follows: before the STFT is applied, a quality map is calculated to exclude noisy parts of the OCT data. The spectral analysis is performed with a sliding window approach, where a window is shifted pixel wise across the data. A Fourier transform is calculated for each window position. To reduce noise influences additional averaging of adjacent spectra is performed. Afterwards a Principal Component Analysis (PCA) is executed to reduce the number of features for the following pattern recognition algorithm. The pattern recognition works on a fixed number of principal components. The output of this procedure is a certain value, the so-called class or cluster, for each spectrum. We use a kmeans algorithm, which works with a pre-defined number of clusters and belongs to the class of unsupervised algorithms. In a last step the output of the pattern recognition algorithm and the knowledge of the spatial distribution of the spectra are used to calculate a color map. In this color map each color represents a certain cluster. This color map can be used as an overlay for the structural data.
To demonstrate the performance of our algorithm we used phantom samples that consisted of two sizes of particles to mimic biological tissue. A dispersion of water-based gel and microspheres with 0.5μm and 3μm diameter was used to form a layered sample. For the base of the stack a glass slide was used, followed by the first layer consisting of a dispersion of gel and microspheres with a diameter of 0.5μm. Cover slides were used to separate the layers and to protect the second layer of 3μm diameter microspheres gel dispersion.
Results
On the left side in figure 2 a three dimensional rendering of the OCT data of the phantom sample is shown. The image shows a depth of approximately 0.6mm and has lateral dimensions of 1.9mm x 1.9mm. Since noisy parts were excluded from the image, only boundaries of the phantom sample are shown. The different microspheres cannot be differentiated solely by this structural image.
The spectroscopic analysis by our algorithm was applied on the same dataset. The results are shown in figure 2 on the right side. Here the different layers with different microspheres can be clearly distinguished by the hue of the color map. In figure 2 the RGB method, the autocorrelation method and the center of mass method are used to evaluate the spectral analysis qualitatively. Although some contrast is generated in the different images, only the pattern recognition approach allows separating all layers.
Discussion
The additional spectroscopic analysis of OCT data is a useful tool that can help to improve the excellent diagnostically capabilities of OCT. Our approved processing technique exploits pattern recognition algorithms to create additional contrast in multilayered phantom samples consisting of microspheres of different diameters and thus different spectral signatures. This approach has enormous potential to provide additional contrast in scattering samples e.g. biological tissue, and hence to improve the cancer diagnosis at an early stage. 
